Three-dimensional reaching by non-human primates is an important behavioral paradigm for investigating representations existing in motor control areas of the brain. Most studies to date have correlated neural activity to a few of the many arm motion parameters including: global hand position or velocity, joint angles, joint angular velocities, joint torques or muscle activations. So far, no single study has been able to incorporate all these parameters in a meaningful way that would allow separation of these often highly correlated variables. This paper introduces a three-dimensional, seven degree-of-freedom computational musculoskeletal model of the macaque arm that translates the coordinates of eight tracking markers placed on the arm into joint angles, joint torques, musculotendon lengths and finally into an optimized prediction of muscle forces. This paper uses this model to illustrate how the classic center-out reaching task used by many researchers over the last 20 years is not optimal in separating out intrinsic, extrinsic, kinematic and kinetic variables. However, by using the musculoskeletal model to design and test novel behavioral movement tasks, a priori, it is possible to disassociate the myriad of movement parameters in motor neurophysiological reaching studies.
Introduction
Accurate biomechanical models of the musculoskeletal system can aid research in many areas including physiology, pathology, forensics, safety engineering and sports (Viceconti et al 2006) . Several accurate 3D biomechanical models of the human arm have been presented over the years (Yamaguchi et al 1995 , Schouten et al 2001 , Yamaguchi 2001 , Holzbaur et al 2005 . However, none of these complex, 3D models have ever been adapted for use in non-human primate research. Given the abundance of motor neurophysiological data in the literature obtained from non-human primates as well as the recent focus on monkey neuroprosthetic research (Serruya et al 2002 , Taylor et al 2002 , Carmena et al 2003 , an accurate musculoskeletal model of the macaque monkey arm is needed by the research community. In this paper, a three-dimensional, seven degree-of-freedom model of the macaque monkey arm incorporating 38 musculotendon units is presented and tested. The model includes representations of joint, hand and muscle kinematics; joint torques and optimized muscle forces making it very useful for correlative neurophysiological experiments involving monkey arm movements.
Reaching and pointing motions are commonly used to study how our brain controls movements (Georgopoulos et al 1986 , Caminiti et al 1990 , 1991 , Soechting and Flanders 1992 , Shadmehr and Mussa-Ivaldi 1994 , Lackner and Dizio 1998 , Thoroughman and Shadmehr 2000 , Reina et al 2001 . To make a reaching movement, the central nervous system (CNS) must take a target location in space and transform it into a series of muscle commands to get the hand to reach that location (figure 1). One currently accepted hypothesis states that the CNS performs this transformation in a set of discrete steps (Soechting and Flanders 1992) . Neurophysiologists have attempted to decipher where various motor areas lie . Sensorimotor transformations that must be performed from when the visual system acquires the target to when the motor system is able to activate the proper muscles to perform the reach.
in the sensorimotor transformation by correlating neuronal activity in these areas to various parameters of movement that would ostensibly represent a stage along the sensorimotor transformation. For instance, some of the earliest studies argued that motor cortical discharge was well correlated to various force and/or muscle parameters in the arm (Evarts 1966 , 1968 , Thach 1978 , Cheney and Fetz 1980 . This result would seem to imply that motor cortex lies at the very end of the sensorimotor transformation pathway and executes a motor plan by stimulating motor neurons to cause the correct muscles to contract. However, other researchers have found motor cortical activity during reaching to be well correlated with extrinsic kinematic parameters representing the beginning of the sensorimotor transform such as position and velocity (Georgopoulos et al 1986 , Kettner et al 1988 , Schwartz et al 1988 , Moran and Schwartz 1999b .
One of the major problems with using a limited set of straight-line reaching movements is that movement kinematics are highly correlated with one another (Reina et al 2001) . Since these highly correlated variables are then correlated to neuronal cell firing rates, it is hard to separate out exactly which variables are best coded in motor cortical neuronal firing. The accurate musculoskeletal model of the arm presented here allows researchers to test novel movement paradigms a priori to determine whether movement parameters are adequately separated. Thus, this complex, 3D model is ideal for obtaining the various movement parameters and also in designing novel movement paradigms.
Methods
This section is divided into five main parts. The first part discusses how the skeletal kinematics of the model were developed and optimized. The second part details how the muscles' origins/insertions and the muscles' inertial properties were determined. Next, the methods used to derive the musculoskeletal dynamics of the model are described. Then the methods by which the model was tested and verified are presented. Finally, the development and testing of a behavioral paradigm using the aforementioned model is detailed.
Skeletal kinematics
The first step in building the musculoskeletal model of the macaque monkey arm was to digitize the bones of a representative animal (7.5 kg) and orient them appropriately using an interactive graphical computer environment. Table 1 lists information on the arm segment lengths. The hand and wrist bones were not digitized, so a scaled down version of a human hand was used instead. The software package SIMM (Musculographics, Inc) was used to optimize joint locations and bone orientations such that the simulated motion of the digitized bones on the computer model well replicated the kinematics of the original arm (Delp et al 1990 , Delp and Loan 1995 , Holzbaur et al 2005 . The arm model in this study consists of five segments, seven degrees of freedom and 38 muscles (figure 2). The five segments represented in the model are the upper arm (A), the ulnar side of the lower arm (B), the radial side of the lower arm (C), the hand (D) and the torso (segment N-which is also considered the inertial frame). Previous studies have determined that a seven degreeof-freedom (DOF) model is sufficient to describe enough of the motion of the primate forelimb to be useful to the researcher without being overly cumbersome (Prokopenko et al 2001 , Reina et al 2001 . The standard seven DOF arm model Figure 2 . SIMM model of the right rhesus arm. The clavicle, scapula, humerus, ulna and radius were digitized from a 7.5 kg rhesus monkey. The clavicle, sternum and scapula are fixed in the torso frame while the humerus, ulna, radius and hand are restricted to their proper anthropomorphic ranges of motion. Muscles are shown as red lines. (Note: some muscles' origins are on torso structures that were not digitized (e.g. spine) and appear to originate in space, but are, in fact, properly located muscle origins (e.g. latissimus dorsi).)
includes 3D rotation about the shoulder joint, flexion and extension of the elbow, pronation and supination of the lower forelimb, flexion/extension and abduction/adduction of the wrist. The model excludes any translation of the scapula. Including scapular translation would involve finding a way to non-invasively measure scapular translation during movement, which would be very difficult. It would also involve adding a lot of complexity to the model. In humans, scapular translation is a large factor only in movements of the arm above the plane of the eyes (Moore et al 2002) . In monkeys, the scapula has a different shape and orientation relative to the torso and appears to be more involved in rotational movements of the shoulder (Hartman and Straus 1933, Christel and Billard 2002) . In this study, the monkey's scapula was palpated while the monkey made reaches exploring all three shoulder degrees of freedom. The scapula was found to significantly translate when the monkey externally rotated its arm beyond 15
• or if he abducted his arm past 60
• . Due to the limitation on scapular translation in this model, it is prudent to restrict the accurate operating range of this model to hand movements that do not involve large degrees of shoulder abduction or shoulder external rotation. All the movements subsequently described in this study fall into the accurate operating range of the model.
To measure joint kinematics and perform joint angular calculations, a set of mutually orthogonal axes are defined for each arm segment. These axes move with the segment and are used to map the relationships between the segments and the global reference frame and between the segments themselves. The joint angles between the segments are calculated from rotation matrices defined using these segmental axes. This model uses the reference frame recommended by the International Society of Biomechanics (Wu and Cavanagh 1995) . The y axis is the vertical axis; the x axis is the horizontal axis and points forward and the z axis is the cross product between the x and y axes. In this project, we model The shoulder joint is modeled as a 'ball and socket' joint centered in the glenohumeral capsule where the order of rotation is x, y , z . Rotation of the shoulder along the x axis is shoulder adduction (+) and abduction (−). Shoulder internal (+) and external (−) rotation is along the y axis while the rotation about the z axis corresponds to shoulder flexion (+) and extension (−). Elbow flexion (+) occurs about the humeral-ulnar joint as a rotation about the z axis. The model then uses an intermediate x rotation to define the offaxis pronation/supination axis (i.e. from the center of the proximal radial head to the medial edge of the distal ulnar head). This intermediate rotation is necessary to properly align the pronation/supination axis such that the proximal radial head rotates about its center while the distal end of the radius revolves around the ulnar distal head. Once the axis is aligned properly, the rotation along the pronation (+ y rotation) and supination (−y rotation) degree of freedom is performed. A second negative x rotation restores the parallel orientation of the radius and the ulna. Finally, at the center of the wrist joint, a rotation about the x axis (wrist flexion (+)/extension (−)) The one on the left shows the markers relative to the skin and the one on the right displays the position of the markers relative to the bones. There are two markers on the lateral surface of the upper arm which are connected by a rigid body. One marker is placed at the lateral forearm near the elbow. Two markers connected by a rigid body in a lateral direction are placed at the wrist. Finally, a set of three markers is placed on the dorsum of the hand in a rigid body.
is followed by a rotation about the z axis (wrist abduction (+)/adduction (−)).
In order to experimentally measure attitude matrices for the four segments of the arm (A, B, C, D) eight infrared markers were placed on the arm and their 3D locations were measured using an optoelectronic motion capture system (Optotrak 3020, Northern Digital). The placement of the markers was as follows: (1) two markers on the lateral surface of the upper arm which are connected by a rigid body where one marker is at the proximal end of the upper arm and the other is at the distal end, (2) one marker at the proximal end of the lateral forearm near the ulnar head, (3) two markers connected by a rigid body, one of which is on the thumb side of the lateral forearm and the other on the pinky side of the forearm and (4) a set of three markers placed on the dorsum of the hand in a rigid body, where the first marker is on the distal part of the hand and the other two markers are on the proximal part of the hand and the line between these two markers is perpendicular to the line formed between the first hand marker and the midpoint of these last two markers (figure 4). The 3D locations of these markers were sampled at 100 Hz and digitally low-pass filtered with a 10 Hz cut-off frequency.
In order to generate joint angles, attitude matrices were calculated for the humerus, ulna, radius and hand. The vectors from the ulnar wrist marker to the proximal forearm marker and the distal arm marker to the shoulder marker defined the long axes (y) of ulnar and humeral segments, respectively. Assuming a single degree of freedom (DOF) for the elbow joint, the medial/lateral (z) axes for each segment are equal and calculated by a vector cross product of the two long (y) axes' vectors. The posterior/anterior (x) axes of the humeral and ulnar segments are calculated from vector cross products of their z and y axes. The radial long axis (y) is initially set equal to the ulnar long axis. The radial anterior axis (x) is defined as the vector connecting the ulnar wrist marker to the radial wrist marker. The vector crossing the anterior axis with the initial long axis yielded the radial lateral axis (z). Finally, the initial long axis (y) of the radius is redefined as a vector cross product of the radial z and x axes to assure the three radial axes are orthogonal. The three markers on the dorsal surface of the hand are used to define three orthogonal sets of axes' vectors for the coordinate system of the hand.
The four sets of axes' vectors are then normalized in order to generate 3 × 3 attitude matrices for the humerus, ulna, radius and hand. The torso (including the sternum, scapula and clavicle) of the monkey is assumed fixed and aligned with the global reference frame such that its attitude matrix equals the identity matrix. In an experimental setup where the neck, waist and opposite arm are constrained, this assumption was found to be valid. After the infrared markers are taped on the subject's arm, a baseline location of the eight marker positions is recorded while the arm was held in the baseline position where the elbow is flexed 90
• and all other angles at 0
). An attitude matrix for each arm segment is generated from the recorded marker locations; however, these marker-based attitude matrices are not necessarily aligned with the underlying coordinate frame of the modeled bone segments. Thus, for each segment, a baseline rotation matrix was defined which converts the marker-based attitude matrices into an identity matrix, which corresponds to a bone-based coordinate system. Use of these rotation matrices allows for the correction of 'off-axis' markers on the subject's arm. Baseline positions are recorded daily after the markers are placed on the arm. For any subsequently recorded posture, the marker data are converted to marker-based attitude matrices and multiplied by their corresponding baseline rotation matrix to yield 'bone-based' attitude matrix for each segment. The resulting bone-based attitude matrices are then used to generate joint rotation matrices for the shoulder, elbow, forearm and wrist. Cardanic angles (Euler permutation x, y , z ) are calculated from the direction cosines of the joint rotation matrices. For example, at the elbow joint, the rotation matrices between the upper arm segment (A), the ulna segment (B) and the general reference frame (N) are computed by finding the rotation matrices that map the bone reference frame to the general reference frame ( N R A and N R B ). Assuming that adjacent arm segments only rotate with respect to each other, the rotation matrix between two adjacent arm segments can be described with A R B , which fits into the following equation.
, which describes the rotation of the ulna relative to the shoulder, can be calculated by the following equation:
Since the elbow joint in the model can only perform flexion and extension (a rotation about the z axis), the following rotation matrix results:
Once these two rotation matrices are known, the angle q4, which describes the rotation between these two segments can be calculated. There are four possible calculations that can be used for q4: r ab11 = cos(q4), r ab13 = sin(q4), r ab31 = -sin(q4), r ab33 = cos(q4). The model uses a least-squared fit method (minimizes RMS error) using all four of those available equations to calculate q4. Values for all six of the other angles are also calculated in this manner. Once the joint angles have been calculated, they are differentiated to get joint angular velocities and joint angular accelerations.
Muscle mechanics and anthropometry
The next step in creating an accurate model was to add muscle anthropometry and muscle mechanics to the bones and joints that were already modeled. To obtain accurate measurements for the arm muscles, anatomical data were collected. The anatomical data used for this model were obtained from three cadaveric studies by the authors as well as previously published data from other investigators (Hartman and Straus 1933 , Swindler and Erwin 1986 , Cheng and Scott 2000 , Singh et al 2002 , Graham and Scott 2003 . For each monkey studied by the authors, one arm was sectioned into four segments using the joints as separation points and weighed. The volume of individual arm segments was determined by measuring the water displaced after immersing a segment in a large graduated cylinder. An average density of the arm was calculated from the weight and volume measurements. The center of mass of each segment was approximated by balancing the segment on a knife edge. The principal moments of inertia were then calculated assuming cylindrical segments. In the second arm, the muscles were carefully dissected and their origins and insertions were measured relative to the bone. The muscle origin and insertion points were compared to the previous studies (Hartman and Straus 1933, Swindler and Erwin 1986) . The muscles were removed in a sequential manner, allowing the full extent of deeper muscles to be visualized before they were dissected out. Each muscle was individually weighed; its muscle fascicle length measured and its volume measured via water displacement in a graduated cylinder. The physiological cross sectional area (PCSA) of each muscle was calculated as volume/length (the pennation angle was not taken into account) and the values are compared to Cheng and Scott (2000) (table 2) .
Muscle origin and insertion data points were applied to the digitized bones of the SIMM model (figure 2). The SIMM program was then used to check that during movement within the valid operating range of the model, the muscles' paths did not pass through bones. If such a situation arose, wrapping points and via points were interactively added to model. Table 1 lists the origin and insertion sites of the 38 muscles modeled in this study. It also lists the PCSAs calculated by the authors for the muscles as well as the PCSA (mean + std error) from Cheng and Scott as a comparison. The remaining muscle properties such as pennation angle, tendon length and muscle length were taken from the literature (Cheng and Scott 2000 , Singh et al 2002 , Graham and Scott 2003 .
Musculoskeletal dynamics
The model's musculoskeletal dynamics were developed using the software package AUTOLEV 3.4 (OnLine Dynamics). AUTOLEV is a symbolic manipulation language based on Kane's method (Kane and Levinson 1985, Yamaguchi 2001) for writing dynamical equations of motion and was used to generate a forward dynamics model of the arm. This included the complex equations of motion needed to calculate limb kinematics from muscle forces. An inverse dynamics model where joint torques and/or optimized muscle forces are calculated from measured joint kinematics was similarly developed. These dynamic models (forward and inverse) include the same segments, joints, and degrees of freedom that are described in the skeletal kinematics section.
The forward model converts muscle forces into joint torques and accurately predicts the resulting muscle, joint and hand kinematics. The equations of motion for the forward dynamic model were generated in AUTOLEV and can be summarized with the following equation:
where M is the 7 × 7 mass matrix describing the mass distribution of the system given the current orientation of the arm (i.e. current set of joint angles θ ),θ the second time derivative of the seven joint angles (i.e. joint accelerations), R is the moment arm matrix of the 38 muscles across the seven joints based on the current orientation of the arm. F is the vector of muscle forces and when multiplied by R yields a 7 × 1 vector of joint torques. G, V and E are vectors describing the moment contributions of gravitational, inertial and external forces, respectively. This equation represents a set of seven coupled, second-order differential equations.
The inverse dynamics arm model developed in this project is actually an extension of the forward model rather than a simple inverse of it (Yamaguchi et al 1995) . Rather than calculating the instantaneous joint torques needed for a given set of joint angles, angular velocities and angular accelerations, the inverse model uses the forward model to calculate the average joint accelerations of the arm over a short (∼1 ms) period with only gravitational, inertial and external forces acting on it. The average accelerations due to G, V and E are then subtracted from the overall average joint accelerations needed to yield the 'muscle-induced accelerations' (Zajac and Gordon 1989) . These induced accelerations are essentially a 7 × 1 vector of average joint accelerations generated by either muscle forces or joint torques to produce the desired kinematics. To solve for joint torques, the forward model is reset to its initial state, one of the joint torque generators is set to a unit level (i.e. 1 N m), and the model is integrated forward again to obtain a set of resulting accelerations. The accelerations due to only that specific torque generator are calculated by subtracting the resulting accelerations by the accelerations due to G, V and E. This is repeated for each joint torque generator. Combining all the unit torque accelerations for all the torque generators into a 7 × 7 matrix, a linear set of equations can be derived as follows:
where each column in the first matrix corresponds to the average joint angular accelerations induced by a single joint torque generator (e.g.θ 3,2 corresponds to the average acceleration of the third DOF due to a unit torque being applied about the second DOF). The second matrix is a 7 × 1 vector of average joint torques while the third matrix is the total average joint acceleration. Both the first and third matrices are known and the middle matrix (average joint torques) is determined by solving this system of equations. Using a forward dynamic model to perform inverse dynamic calculations has several advantages. First, this method uses average accelerations over short time periods rather than the instantaneous accelerations used in classic inverse dynamic calculations which tend to be noisier when calculated from motion capture data. Similarly, the resulting average torques-rather than instantaneous torques in classic inverse dynamics-are specific to the integration time used in its calculations; thus, when applied to the forward model, they produce more accurate reconstructions of the movement. Finally, after each set of joint torques is computed, the torques are inserted back into the forward dynamic model using the current state of the system to predict the next state. When this next state is computed, it is used to replace the original kinematics for the current time period. This allows for on-line feedback in the joint torque calculations which allows for small corrections to be made during the movement to ensure that the inverse solutions will exactly track the desired trajectories when applied to the forward model.
Calculating joint torques from joint kinematics using the techniques listed above ensures both an accurate (i.e. the model tracks the desired kinematics well) and unique solution (i.e. no other joint torque combination could produce the same movement). Calculating muscle forces from the resulting joint torques can also be accurate but not unique in this model. Given that there are 38 muscles in the model and only seven DOF, there are a redundant number of actuators. In order to determine an optimal set of muscle forces for a given movement, a least-squares technique (pseudoinverse) is used to minimize the summed squares of muscle stresses (Yamaguchi et al 1995) . In this technique, 'muscle-induced torques' are determined by applying a unit stress (1 N cm -2 * PCSA) to individual muscles and collating their results into a 7 × 38 matrix (equation (6)-first matrix). The resulting muscle-induced torque matrix is essentially a PCSA-scaled version of the moment arm matrix in equation (4). The muscleinduced torque matrix is then post-multiplied by a 38 × 1 vector of optimized muscle stresses. The result of this matrix multiplication is then set equal to the 7 × 1 vector of desired joint torques (equation (6)
Given the redundant nature of the muscle-based equation, a pseudoinverse solution is used to calculate an optimal set of muscle stresses. A pseudoinverse solution that minimizes the RMS vector of muscle stresses (σ ) can be calculated using the Matlab routine fmincon, which limits the muscle stress solutions to positive values since muscles cannot 'push' bones.
Model scalability
Monkeys of various sizes and proportions are used for neurophysiological research. Size significantly affects many properties of the model. Therefore, this model is designed to be scalable. The kinematic part of the model requires the distances between the four joint centers of the arm. It is very difficult to measure the distances in a living monkey directly because the exact locations of these joint centers are within the bones themselves. In cases where cadaveric studies are not possible, a fast and accurate way of measuring the joint center distances is desired. It was with these goals in mind that an optimization routine was developed that would provide an accurate estimate of the joint center distances based on recorded kinematic data.
This optimization routine takes a user-defined subset of the data and finds the average hand movement and the average joint angles that generated the movement. The program uses initial estimates of the shoulder position, the joint center distances and the marker position relative to the wrist. If the user does not have a good estimate, estimates using a generic monkey arm scaled by monkey mass are provided. Using these initial estimates and a forward kinematic model, the algorithm calculates the RMS error between the actual marker position and the marker position predicted by the joint angles and anatomic data. The calculation accounts for two possible sources of error. First, it allows for a rotation of the predicted marker positions around the center point of the movements. This accounts for errors in baseline measurement. These errors result because it is difficult to place the monkey's arm at exactly zero shoulder abduction, zero shoulder rotation and 90
• elbow flexion. Also, if the data are from a left arm, the calculation mirrors the movement since joint angles are calculated for a hypothetical right arm. An optimization routine (Matlab: lsqnonlin) calculates a least-squares fit between the recorded endpoint position and the endpoint position predicted using the joint angles and the forward kinematic model. This algorithm can optimize 12 different variables including joint center lengths and shoulder position. This algorithm was used to generate the results in figure 6, since the monkey who performed the behavioral task in figure 6 was not the same monkey whose bones were digitized.
Neurophysiological task design
As mentioned in the introduction, the center-out reaching task has been widely used by the neurophysiologic community to study motor control. Previous studies have shown that intrinsic (e.g. joint angular velocity) and extrinsic (e.g. hand velocity) kinematics are highly correlated in a 3D center-out task (Reina et al 2001) making it difficult to discern which parameters are best related to cortical activity. Using the musculoskeletal model, this study will correlate kinetic (e.g. joint torque) and kinematic parameters to determine whether they too are well correlated in a center-out task. The behavioral setup for the 3D center-out task has been previously described in detail (Reina et al 2001) . The monkey is seated in a primate chair that is loaded into a custom virtual reality (VR) simulator. A stereoscopic computer monitor projects a 3D image downward just in front of the subject. A front-silvered mirror mounted at 45
• in front of the subject captures this image and reflects the 3D image to the subject's eyes. The position of the most distal hand optoelectronic tracking marker is sampled in realtime and used to update the display. The subject cannot see its hand, but rather a virtual representation of it. A target ball appears in the center of the workspace which the subject has to capture with the cursor ball representing the current location of its hand. Once captured, the center target disappears and a new target ball randomly appears in one of the eight corners of the workspace. The subject was then required to make an ∼9 cm reach to capture the second target ball in less than 500 ms. The data from the eight tracking markers were used to calculate average joint angle and joint angular velocity trajectories to each of the eight targets. These data were then applied to the musculoskeletal model to calculate joint torque, muscle length, lengthening velocity and optimized muscle forces.
Finally, using the model in this study as well as the literature Schwartz 1999a, Graham et al 2003, Figure 5 . Arm kinematic parameters during center-out reaching movements to two targets. Joint angle, joint angular velocity and joint torque traces for shoulder and elbow degrees of freedom were calculated using the primate arm model. The solid lines represent a target that is anterior, medial and inferior to the center target. The dashed line target is opposite the solid line target and is posterior, lateral and superior to the center target.
Schwartz et al 2004), a search was conducted for a behavioral paradigm that would result in much better decorrelation of all these variables. In the end, a circular drawing task that involved interaction torques and multijoint movements was designed. Using the same VR simulator, a tubular circle (i.e. torus) was centered and projected in the workspace. The subject was then required to trace this circular path three times with its hand such that its cursor sphere remained within the tubular structure. The orientation of the circle's plane was either parallel to the frontal plane of the subject or rotated ± 45
• about the vertical axis. The subject traced the circular structure in both directions and in each of these three orientations in a random block order. This task was examined using the model to verify that it decoupled the kinematics and dynamics as well as the three separate coordinate systems (hand endpoint, joint and muscle).
Results
The joint angles, joint angular velocity and joint torques computed for two representative center-out reaching movements are shown above (figure 5). These results make sense physiologically. When the monkey makes a reaching movement toward his body (dashed), the elbow flexes and for motion away form his torso (solid), the elbow extends. Similarly for the motion of the right arm, shoulder internal rotation correlates with leftward motion (solid). The joint torques are in the same direction as the joint angles and show dc offsets that correspond to holding the arm against gravity. They are also compared to other published joint torques (Graham et al 2003) , who measured joint torques using a linked segment model and joint kinematics. Their joint torques for reaches were either bell shaped or exhibited both an upward and downward peak and generally had a maximum amplitude of For further verification of the model, the forward model and the inverse model were tested for internal consistency. The inverse model was used to calculate each step of the sensorimotor transformation starting with the eight marker positions and going through to the muscle lengths, lengthening velocities and muscle forces. Then the forward model with anatomic data from the particular monkey was used to perform the transformation from muscle forces to generate a predicted hand position in extrinsic space. The mean square error between the predicted and the actual movements is 3.2 mm. This analysis demonstrates that the model is internally consistent. The forward model is able to invert the steps of the inverse model (figure 6).
The moment arms of the musculoskeletal model were consistent with the current literature for both human and non-human primate arms. The model's moment arms were compared with the muscle moment arms measured by Graham and Scott (2003) . The moment arms of the muscles that cross the elbow joint are very similar between our model and their measurements. There is slightly more variation of moment arms at the shoulder, but this is due to the fact that the model does not allow for scapular translation, which is significant when the arm is abducted 90
• (figure 7). The model was used to analyze the correlations between joint torque, joint velocity and joint acceleration during a standard 3D center-out task. The typical workspace for a center-out task is rather limited (10 × 10 × 10 cm) resulting in limited variation of mass distribution of the arm in the workspace. Also, given the relatively low speed of the movement which limits interaction (Coriolis) torque magnitude, one would expect the joint torque profiles to be highly correlated to joint angular acceleration profiles in this task. As expected, joint angular accelerations and joint torques were highly correlated. However, the dominant kinematic parameter represented in motor cortical activity is velocity; thus, a correlation study was performed between joint torques and joint angular velocity during a center-out task. Table 3 shows r 2 -values of using joint torques to predict joint angular velocities during the center-out task for one subject. Surprisingly, there is a relatively high correlation between joint torques and joint angular velocities in the center-out task too, suggesting that it is not an appropriate paradigm to disassociate kinetic and kinematic variables.
Finally, a novel circular drawing task that decouples kinematics and kinetics was developed and tested using the musculoskeletal model. The basis of the task is drawing a set of three circles orientated in different planes. By varying the circles' orientation between the frontal plane and the sagittal plane, the amounts of interaction torques between the elbow and the shoulder can be modified. In some planes, the model predicted the use of primarily muscles that only cross the elbow joint. In another plane, the model coordinated shoulder and elbow muscles in order to draw the circles effectively. By taking advantage of the fact that coordinated shoulder and elbow movements require higher nonlinear interaction torques than movements that only involve the elbow, the interaction movements resulted in a separation of kinematic and kinetic traces. Table 3 shows how much better the rotated circle task is at decorrelating joint angular velocity and joint torque when compared to the center-out task. Figure 8 illustrates the differences in angular velocity, torque, muscle lengthening velocity and optimized muscle force for one direction and arm from the 3D positions of eight tracked markers on the arm. A more detailed manuscript on this algorithm along with a MATLAB implementation can be downloaded from the supplemental data link. Likewise, the SIMM model incorporating the digitized bones and muscle origin/insertions sites can downloaded from supplemental data. The model was built with some assumptions and to interpret the results of the model correctly, researchers must be aware of these assumptions. Firstly, the model assumes that the torso of the subject is fixed in space. This is true of the primate experiments cited here since the monkey is seated in a primate chair where little torso translation or rotation occurs. Future versions of the model will incorporate torso movement by using three markers attached to the torso to measure its movement. Secondly, the model does not include scapular movement. In humans, scapular translation is fairly limited for movements where the shoulder does not abduct more than 60
• from neutral. However, this may not be true in primates due to their scapula being oriented more horizontally (Hartman and Straus 1933, Christel and Billard 2002) . As long as one is cognizant of these limitations during the phase of experimental design, this model will be a useful tool for studying motor control.
Many of the motor cortical studies to date have been either based on the center-out reaching task or have been confined to two dimensions (Fu et al 1993 , Scott and Kalaska 1995 , 1997 , Kakei et al 1999 , Moran and Schwartz 1999a , 1999b . In both these cases, it is very difficult to separate out extrinsic versus intrinsic variables and kinematic versus kinetic variables because these variables are highly correlated with each other. For this reason, previous studies have shown that motor cortical cell firing is correlated with everything in the sensorimotor spectrum from hand kinematics to generated muscle forces. It is possible to separate out the kinematics versus the kinetics by using a manipulandum or force generator to decouple those variables. However, this will typically restrict the workspace and could encumber the movement of the animal. A more pragmatic way to disassociate these parameters, yet allow the subjects to make realistic movements, is to use the musculoskeletal model to design a task that disassociates the parameters of interest. As shown in the case study above, a rotated circle tracing task does an excellent job in separating joint torques and joint/hand velocity. Thus, the model is useful in designing neurophysiological experiments.
In conclusion, the model allows researchers to accurately calculate many movement parameters, including very difficult to measure ones such as muscle lengths and joint torques. The model also allows for the measurement of these difficult parameters using only eight small optical markers placed on the arm. This experimental setup has the advantage of being very easy to use and places minimal encumbrances on the monkey during his movement. The model can also be used in the design of a control paradigm for an upper extremity neuroprosthetic device. For all these reasons, this model should facilitate future neuromotor research. performed in a facility supported by NCRR grant C06 RR015502.
